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Abstract
Improving the efficiency of selection in conventional 
crossbreeding is a major priority in banana (Musa spp.) 
breeding. Routine application of classical marker assisted 
selection (MAS) is lagging in banana due to limitations in 
MAS tools. Genomic selection (GS) based on genomic 
prediction models can address some limitations of classical 
MAS, but the use of GS in banana has not been reported 
to date. The aim of this study was to evaluate the predictive 
ability of six genomic prediction models for 15 traits in a multi-
ploidy training population. The population consisted of 307 
banana genotypes phenotyped under low and high input 
field management conditions for two crop cycles. The single 
nucleotide polymorphism (SNP) markers used to fit the models 
were obtained from genotyping by sequencing (GBS) data. 
Models that account for additive genetic effects provided better 
predictions with 12 out of 15 traits. The performance of BayesB 
model was superior to other models particularly on fruit filling and 
fruit bunch traits. Models that included averaged environment 
data were more robust in trait prediction even with a reduced 
number of markers. Accounting for allele dosage in SNP markers 
(AD-SNP) reduced predictive ability relative to traditional bi-
allelic SNP (BA-SNP), but the prediction trend remained the same 
across traits. The high predictive values (0.47– 0.75) of fruit filling 
and fruit bunch traits show the potential of genomic prediction to 
increase selection efficiency in banana breeding.
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Fig. 1. Conventional crossbreeding of East African Highland bananas (EAHB) starts with crossing a triploid parthenocarpic landrace 
with a wild, seeded diploid accession or a diploid cultivar showing fruit parthenocarpy. This cross gives diploids, triploids and tetra-
ploid hybrids. Tetraploids are selected and crossed with improved diploid hybrids selected from inter-diploid crosses. The resulting 
secondary triploids are evaluated, selected and advanced as promising improved genotypes aiming at new cultivars. The diploid and 
triploid (if fertile) hybrids can be further improved by crossing with other wild or improved diploids.


















































































Fig. 2. Approaches to hybrid selection in banana breeding pro-
gram. (A) The classical phenotypic selection of banana hybrids 
and (B) integrated genomic selection and phenotypic selection 
approach being investigated.
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Fig. 3. Distribution of filtered SNP markers on 11 pseudomol-
ecules of the double haploid of M. acuminata cv. Pahang (Martin 
et al., 2016). Q represents the unanchored scaffolds.




































































Table 1. Comparison of average correlation (standard errors in parentheses) for five-fold cross validations 
between the predicted and observed phenotypes across models fitted with data from either low input (GS1) or 





BRR BayesB BayesC RKHS_M RKHS_PM
GS1 GS2 GS1 GS2 GS1 GS2 GS1 GS2 GS1 GS2
Plant stature Plant height 0.54 (0.06) 0.46 (0.09) 0.54 (0.06) 0.44 (0.09) 0.54 (0.07) 0.45 (0.09) 0.55 (0.06) 0.44 (0.09) 0.54 (0.05) 0.48 (0.07)
Plant girth 0.60 (0.06) 0.52 (0.05) 0.60 (0.06) 0.52 (0.06) 0.60 (0.06) 0.51 (0.05) 0.60 (0.06) 0.51 (0.06) 0.55 (0.04) 0.50 (0.05)
Suckering behavior Total number of suckers 0.16 (0.06) 0.17 (0.06) 0.16 (0.06) 0.1(9 (0.06) 0.15 (0.06) 0.19 (0.07) 0.17 (0.06) 0.18 (0.06) 0.16 (0.04) 0.17 (0.07)
Height of tallest sucker at flowering 0.28 (0.05) 0.18 (0.09) 0.27 (0.05) 0.20 (0.08) 0.26 (0.05) 0.2 (0.08) 0.28 (0.05) 0.19 (0.09) 0.30 (0.06)*0.24 (0.09)*
Height of tallest sucker at harvesting 0.27 (0.05) 0.26 (0.07) 0.28 (0.06) 0.24 (0.06) 0.27 (0.06) 0.25 (0.07) 0.26 (0.05) 0.26 (0.06) 0.29 (0.03)*0.32 (0.07)*
Black leaf streak Number of standing leaves at flowering0.36 (0.08) 0.42 (0.08) 0.43 (0.06) 0.40 (0.08) 0.36 (0.08) 0.41 (0.08) 0.37 (0.08) 0.41 (0.08) 0.29 (0.07) 0.34 (0.04)
Index of non-spotted leaves 0.35 (0.04) 0.42 (0.06) 0.34 (0.05) 0.43 (0.06) 0.34 (0.05) 0.43 (0.06) 0.35 (0.05) 0.42 (0.06) 0.32 (0.07) 0.36 (0.10)
Fruit bunch Days to fruit maturity 0.47 (0.07) 0.42 (0.09) 0.47 (0.07) 0.42 (0.09) 0.46 (0.07) 0.42 (0.09) 0.47 (0.07) 0.42 (0.10) 0.49 (0.06)* 0.44 (0.09)*
Bunch mass 0.63 (0.03) 0.61 (0.03) 0.64 (0.03)*0.62 (0.03)* 0.64 (0.03)*0.62 (0.03)* 0.61 (0.03) 0.61 (0.03) 0.52 (0.06) 0.55 (0.04)
Number of hands 0.60 (0.03)*0.62 (0.04)* 0.60 (0.02)*0.62 (0.04)* 0.59 (0.02) 0.62 (0.04) 0.59 (0.03) 0.62 (0.04) 0.48 (0.03) 0.53 (0.02)
Number of fruits 0.47 (0.03) 0.51 (0.04) 0.47 (0.03)* 0.52 (0.04)* 0.47 (0.02)* 0.52 (0.04)* 0.45 (0.03) 0.52 (0.04) 0.35 (0.04) 0.45 (0.04)
Fruit filling Fruit length 0.65 (0.04) 0.64 (0.02) 0.67 (0.04)* 0.65 (0.02)* 0.67 (0.03)* 0.65 (0.02)* 0.64 (0.04) 0.64 (0.02) 0.59 (0.07) 0.59 (0.02)
Fruit circumference 0.67 (0.02) 0.66 (0.01) 0.70 (0.01)* 0.69 (0.01)* 0.70 (0.01)* 0.69 (0.01)* 0.65 (0.02) 0.66 (0.01) 0.57 (0.05) 0.60 (0.02)
Fruit diameter 0.67 (0.01) 0.63 (0.05) 0.70 (0.01)* 0.71 (0.02)* 0.70 (0.01)* 0.71 (0.02)* 0.65 (0.02) 0.67 (0.03) 0.57 (0.04) 0.59 (0.02)
Pulp diameter 0.67 (0.02) 0.68 (0.04) 0.70 (0.01)* 0.72 (0.03)* 0.70 (0.01)* 0.72 (0.03)* 0.65 (0.02) 0.67 (0.04) 0.57 (0.04) 0.60 (0.03)
*Highest predictive value observed in both GS1 and GS2 for a trait using same model type. The values under GS1 column are the correlations between predicted and observed phenotype (predictive ability) in GS2 
when GS1 data were used to fit the model and vice versa for GS2 column.


























































Fig. 4. Prediction of plant height at flowering (PHF) using a Bayesian 
ridge regression model fitted with phenotype data from low input 
field (A) and high input field (B). Where A, shows underprediction 
and B, shows overprediction of PHF. The black and magenta circles 
represent genotypes in the training and testing sets, respectively.
Table 2. Average predictive ability (standard errors in parentheses) of BayesB model fitted with either crop cycle 
1, or crop cycle 2 phenotype data from low (GS1) and high (GS2) input field management using bi-allelic SNP 
markers to predict traits across and within crop cycles.
Low input field management (GS1) High input field management (GS2)
Cycle 1 model Cycle 2 model Cycle 1 model Cycle 2 model
Trait category Trait Across Within Across Within Across Within Across Within
Plant stature Plant girth 0.39 (0.04) 0.55 (0.03) 0.51 (0.02) 0.44 (0.05) 0.54 (0.02) 0.59 (0.02) 0.61 (0.02) 0.57 (0.02)
Black leaf streak Index of non-spotted leaves 0.42 (0.06) 0.44 (0.03) 0.40 (0.04) 0.41 (0.03) 0.30 (0.08) 0.26 (0.04) 0.28 (0.05) 0.35 (0.05)
Fruit bunch Bunch mass 0.58 (0.03) 0.60 (0.04) 0.60 (0.06) 0.59 (0.03) 0.63 (0.02) 0.65 (0.03) 0.65 (0.02) 0.62 (0.03)
Fruit filling Fruit circumference 0.72 (0.02) 0.71 (0.03) 0.72 (0.04) 0.72 (0.02) 0.73 (0.02) 0.73 (0.03) 0.71 (0.02) 0.72 (0.02)
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Table 3. Effect of accounting for allele dosage on the predictive ability of genomic prediction models using 
environment averaged phenotype data.
Bi-allelic SNP Allele dosage SNP
Trait category Trait BRR BayesB BL RKHS_M BRR BayesB BL RKHS_M
Plant stature Plant height 0.54 (0.03)† 0.53 (0.02) 0.52 (0.03) 0.53 (0.03) 0.46 (0.07) 0.45 (0.06) 0.44 (0.07) 0.45 (0.07)
Plant girth 0.53 (0.04) 0.53 (0.03) 0.52 (0.04) 0.52 (0.04) 0.48 (0.04) 0.47 (0.04) 0.47 (0.04) 0.48 (0.04)
Suckering behavior Total number of suckers 0.32 (0.06) 0.29 (0.06) 0.33 (0.05) 0.31 (0.06) 0.21 (0.05) 0.16 (0.05) 0.21 (0.05) 0.21 (0.05)
Height of tallest sucker at flowering 0.37 (0.04) 0.34 (0.04) 0.37 (0.04) 0.38 (0.04) 0.27 (0.06) 0.26 (0.05) 0.27 (0.05) 0.28 (0.05)
Height of tallest sucker at harvesting 0.35 (0.04) 0.33 (0.03) 0.34 (0.04) 0.35 (0.04) 0.24 (0.03) 0.23 (0.03) 0.23 (0.03) 0.25 (0.03)
Black leaf streak Number of standing leaves at flowering 0.49 (0.05) 0.48 (0.05) 0.48 (0.05) 0.48 (0.05) 0.48 (0.06) 0.48 (0.06) 0.48 (0.06) 0.49 (0.06)
Index of non-spotted leaves 0.58 (0.03) 0.59 (0.03) 0.58 (0.03) 0.58 (0.03) 0.53 (0.03) 0.52 (0.03) 0.53 (0.04) 0.53 (0.03)
Fruit bunch Days to fruit maturity 0.53 (0.05) 0.54 (0.06) 0.53 (0.06) 0.53 (0.06) 0.44 (0.05) 0.43 (0.05) 0.44 (0.05) 0.44 (0.05)
Bunch mass 0.61 (0.05) 0.62 (0.04) 0.61 (0.05) 0.61 (0.04) 0.54 (0.03) 0.56 (0.03) 0.54 (0.03) 0.54 (0.02)
Number of hands 0.63 (0.04) 0.62 (0.04) 0.62 (0.04) 0.63 (0.04) 0.56 (0.03) 0.56 (0.03) 0.56 (0.03) 0.56 (0.03)
Number of fruits 0.49 (0.04) 0.49 (0.04) 0.48 (0.04) 0.50 (0.04) 0.43 (0.03) 0.42 (0.04) 0.42 (0.03) 0.43 (0.04)
Fruit filling Fruit length 0.69 (0.02) 0.70 (0.02) 0.69 (0.03) 0.69 (0.02) 0.60 (0.03) 0.64 (0.02) 0.60 (0.02) 0.59 (0.03)
Fruit circumference 0.67 (0.03) 0.75 (0.02) 0.68 (0.03) 0.66 (0.03) 0.59 (0.03) 0.66 (0.03) 0.60 (0.03) 0.59 (0.03)
Fruit diameter 0.67 (0.03) 0.75 (0.02) 0.68 (0.03) 0.66 (0.03) 0.60 (0.03) 0.67 (0.03) 0.62 (0.02) 0.60 (0.02)
Pulp diameter 0.68 (0.03) 0.75 (0.03) 0.69 (0.03) 0.67 (0.03) 0.61 (0.03) 0.68 (0.03) 0.63 (0.03) 0.61 (0.02)
†The values in parentheses are the standard errors of predictive ability.
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Table 4. Performance of BayesB model fitted with average phenotype data for all fields (environments) and AD-
SNP markers for predictions of five traits representing the trait categories within low and high input fields.
Trait category Trait Low input field (GS1) High input field (GS2) Percentage loss in prediction (PDP)
Plant stature Plant girth 0.48 (0.07) † 0.52 (0.08) 8.3
Suckering behavior Total number of suckers 0.15 (0.05) 0.08 (0.05) −46.7
Black leaf streak Index of non-spotted leaves 0.39 (0.06) 0.33 (0.05) -15.4
Fruit bunch Bunch mass 0.56 (0.05) 0.57 (0.05) 1.8
Fruit filling Fruit circumference 0.66 (0.01) 0.69 (0.03) 4.5
†The values in parentheses are the standard errors of predictive ability, PDP is percentage difference in prediction.
Table 5. Estimated broad (H2), narrow (h2) sense heritability within low (h2_GS1) and high (h2_GS2) input fields and 
type B genetic correlation (r) between GS1 and GS1.
Trait category Trait H2 h2_GS1 h2_GS2 r GS1/GS2 (type B)
Plant stature Plant height 0.89 0.99 0.93 0.79
Plant girth 0.90 0.93 0.91 0.83
Suckering behavior Total number of suckers 0.80 0.45 0.36 0.49
Height of tallest sucker at flowering 0.82 0.70 0.93 0.56
Height of tallest sucker at harvesting 0.86 0.41 0.84 0.47
Black leaf streak Number of standing leaves at flowering 0.83 0.63 0.81 0.54
Index of non-spotted leaves 0.72 0.72 0.63 0.38
Fruit bunch Days to fruit maturity 0.89 0.65 0.85 0.71
Bunch mass 0.94 0.96 0.95 0.86
Number of hands 0.93 0.91 0.91 0.81
Number of fruits 0.89 0.97 0.94 0.74
Fruit filling Fruit length 0.96 0.97 0.98 0.84
Fruit circumference 0.97 0.94 0.96 0.87
Fruit diameter 0.97 0.93 0.99 0.89
Pulp diameter 0.97 0.93 0.92 0.90

















































































Fig. 5. Accuracy of genomic prediction in the training population. 
(A) Percentage of genotypes selected by both GEBV and pheno-
typic data within the first best ranked 100 genotypes. (B) Cor-
relations of the best and worst BayesB models used to generate 
GEBV. Where, PG is plant girth at 100 cm from soil surface, TS is 
total number of suckers, INSL is index of non-spotted leaves, BM is 
bunch mass, FC is fruit circumference and CV is cross validation.
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